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Abstract
Background: Advances in genomic technologies have enabled the accumulation of
vast amount of genomic data, including gene expression data for multiple species
under various biological and environmental conditions. Integration of these gene
expression datasets is a promising strategy to alleviate the challenges of protein
functional annotation and biological module discovery based on a single gene
expression data, which suffers from spurious coexpression.
Results: We propose a joint mining algorithm that constructs a weighted hybrid
similarity graph whose nodes are the coexpression links. The weight of an edge
between two coexpression links in this hybrid graph is a linear combination of the
topological similarities and co-appearance similarities of the corresponding two
coexpression links. Clustering the weighted hybrid similarity graph yields recurrent
coexpression link clusters (modules). Experimental results on Human gene expression
datasets show that the reported modules are functionally homogeneous as evident by
their enrichment with biological process GO terms and KEGG pathways.
Keywords: Coexpression, Biological networks, Mining, Frequent subnetworks, Hybrid
similarity
Background
Advances in high throughput technologies have enabled scientists to accumulate vast
amounts of genomic data, e.g. mRNA expression for different organisms under diverse
biological and environmental conditions, and protein-protein interaction networks. Inte-
grative analysis of multiple omic datasets (e.g., interaction networks and gene expression)
has the potential to elucidate the intricate interactions involved in biological processes,
and has been employed for functional annotation [1], active module discovery [2], and
biomarker discovery [3].
Functional annotation and biological inference based on a single gene expression
dataset has limitations due to experimental noise [4]. Recently, research has focused on
integrating multiple gene expression datasets to strengthen the evidence of coexpression
patterns. Genes that show correlated expression profiles in multiple experiments have
been proposed for module discovery and functional annotation [1,4].
Most of the existing approaches for mining multiple expression datasets represent the
datasets as gene coexpression networks and mine these networks for interesting gene
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sets (modules) [4,5]. In these graph-theoretic approaches, each dataset is represented as
a coexpression network whose nodes represent the genes and links represent significant
correlation between genes. Existing algorithms for mining significant patterns from coex-
pression networks mainly follow network clustering, pattern enumeration approaches, or
a combination of both.
Network clustering based algorithms work on an aggregate graph constructed from
multiple conexpression networks. Lee et al. [1] proposed an approach that builds an
unweighted summary graph that only has edges which occur in at least a minimum
number of graphs. The MCODE algorithm [6] for network clustering is employed on
the aggregate summary graph to extract highly connected genes (modules). Experiments
showed that coexpression patterns mined frommultiple independent microarray datasets
are more likely to be functionally relevant and thus improve gene function predictions [1].
Clustering the aggregate graph results in false positive modules since the links between
the edges in a given module can be scattered across the graphs but appear together
in the aggregate graph. To overcome these false positive modules, Hu et al. [4] proposed
the CODENSE algorithm, a two-step approach for mining coherent dense subgraphs.
In the first phase, dense modules are extracted from the aggregate graph. The second
phase uses the edge occurrence similarity and partition these dense modules into smaller
modules whose edges show high edge occurrence similarity. Depending on the simi-
larity threshold employed in the second phase, a false-positive module extracted from
the first phase can be split into edge sets that do not appear frequently together in the
graphs.
The other category of methods for mining multiple coexpression networks follow a
pattern-mining approach. Huang et al. [7] proposed an algorithm that reverses the order
of the two steps in CODENSE for integrating multiple coexpression graphs. First, a binary
matrix, whose rows correspond to edges of the template graph, and columns correspond
to the graphs, is constructed. The value of each entry represents the presence/absence
of the edge in the corresponding graph. Biclusters are extracted from this binary edge
matrix using a simulated annealing-based approach. A bicluster in this case is a set of
edges that have similar occurrences in a subset of the graphs. Each bicluster induces a
subgraph from the template graph and then connected components are extracted from
this subgraph. We proposed the MFMS algorithm [8] that first mines maximal frequent
edge sets. For each maximal frequent edgeset, a collection of highly-connected subgraphs
(k-cliques and percolated k-cliques) is extracted from the induced subgraph within the
template graph.
Frequent subgraph mining algorithms can be employed to discover frequent coex-
pression subnetworks. Since the coexpression networks have unique labels on nodes
(genes), several efficient algorithms for frequent subgraph pattern mining have been
developed for this type of graphs [9-13]. Frequent subgraph mining algorithms report a
large number of overlapping patterns. Therefore, Yan et. al [10] proposed an algorithm
for mining a representative set of frequent patterns that meet connectivity constraints.
In gene expression analysis, the same coexpression patterns might not appear in a sig-
nificant number of coexpression networks and thus sets of genes that show different
coexpression relationships in a number of graphs are of interest. Li et al. [5] pro-
posed a multi-stage relaxation method (NetsTensor) on the tensor representation of
multiple graphs, and found recurrent heavy subgraphs representing functional modules,
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transcriptional modules, and protein complexes. The NetsTensor approach is computa-
tionally intensive and takes days to finish on the data sets we are dealing with in this
work.
In this paper, instead of clustering the summary graph and then extracting the highly
co-occurring edge sets as in CODENSE [4] or mining biclusters then finding (highly)-
connected components ([7,8]), we propose an algorithm for joint mining of modules from
multiple gene expression datasets. First, we use the topological and co-occurrence sim-
ilarity between coexpression links to construct a weighted graph of coexpression links.
Then, we extract edge clusters from the weighted link graph. Since we cluster the edges
rather than nodes, the reported modules can overlap, which is an essential feature for
module discovery methods.
Methods
A multi-layered graph is a set of graphs defined over the same set of nodes with different
sets of edges. The set of graphs composing a multi-layered graph can be summarized in
one graph with edge attributes. Next, we define multi-layered and edge-attributed graphs
and show the representation of a multi-layered graph as an edge-attributed graph.
Definition 1. A multi-layered graph G = {G1,G2, . . . ,Gd}, is a set of d graphs such
that graph Gi = (V ,Ei) for all 1 ≤ i ≤ d, where Ei ⊆ V × V , and V is the set of ver-
tices shared by all the graphs. Figure 1(A) shows an illustrative example of a multi-layered
graph with six graph layers defined over a set of seven vertices, i.e., V = {a, b, c, d, e, f , g}.
Next, we define edge-attributed graphs.
Definition 2. An edge-attributed graph Ge = (V ,E,L) consists of a set of vertices
V = {v1, v2, · · · , vn}, a set of edges E = {e1, e2, · · · , em}, E ⊆ V × V , and a function
L : E → Rd that assigns each edge a d-dimensional attribute profile. Alternatively, an
edge-attributed graph can be defined as Ge = (V ,E,X), where X ∈ R|E|×d is the edge
attribute matrix, where xij is a binary indicator of whether edge ei appears in graph Gj.
We model a multi-layered graph, G, by an edge-attributed summary graph, GS =
(V ,ES,X). The set of edges of the summary graph is the union of all the edges that appear
in the multi-layered graph, G. This set of edges is represented as ES =
d⋃
i=1
Ei, where Ei is
the set of edges in Gi ∈ G. The edge attribute matrix, X, captures the occurrence of edges
in the graph layers, where the ith row in the matrix represents the presence/absence of the
ith edge.
An Edge-attributed graph can model complex relations in multi-relational, heteroge-
neous networks represented as multi-layered graphs. Figure 1(A) shows an illustrative
example of a multi-layered graph with six layers. The edge-attributed summary graph is
shown in Figure 1(B), where the summary graph is the union of the edges that appear
in the graphs shown in Figure 1(A). Edge occurrence in the graph layers is represented
as an edge-attribute matrix in which the ith row corresponds to the ith edge occurrence
vector. In Figure 1(B), the edge-attribute matrix has six dimensions, each of which rep-
resents a graph layer. In this work, we focus our attention on undirected, unweighted
graphs. Therefore, the edge-attribute matrix representing the edge occurrences in a
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a-b 1 1 1 1 0 1
a-d 1 1 1 0 1 1
b-c 1 1 1 1 1 1
b-g 1 0 0 1 1 0
b-d 1 1 1 0 0 1
b-f 0 0 0 0 1 0
c-f 1 1 1 0 0 1
c-g 1 1 1 1 1 1
d-e 1 0 0 1 1 0
d-f 1 1 0 1 1 0
e-g 0 0 0 0 0 1
e-f 1 1 1 1 1 0
f-g 1 1 1 1 0 1
(F) (E) (D)
Figure 1 Overview of the proposed approach. (A) Gene Expression datasets are represented as
coexpression graphs; In (B)multiple coexpression graphs from (A) are represented as an edge-attributed
summary graph. The topological and attribute edge similarity matrices are depicted in (C), the hybrid
similarity matrix is shown in (D) and the final hybrid similarity matrix after applying a cutoff is shown in (E).
The weighted hybrid graph is shown in (F) with the edge clusters enclosed by ovals in dotted lines.
multi-layered graph is a binary matrix. This approach is also applicable to weighted
graphs.
Algorithm
We propose a two-step algorithm for joint mining of multi-layered graphs. First, we build
a hybrid similarity matrix that is a weighted combination of the topological similarity
and edge attribute similarity using the summary graph and the associated edge-attributed
matrix. Once we construct the hybrid similarity matrix, we can run traditional graph
clustering algorithms, e.g., spectral [14], and Markov Chain [15], on the weighted graph
representing the hybrid similarity matrix to extract clusters of edges.
Topological similarity
The algorithm constructs the topological similarity matrix, St ∈ R|E|×|E| that captures the
similarity between edges considering the structure of the summary graph. The topologi-
cal similarity between edges indicates a sense of community structure that the two edges
belong to. The topological similarity between two edges, eik = (vi, vk), ejk = (vj, vk), shar-
ing a common node, vk , is defined in terms of the common neighbors of the different
nodes, as proposed in [16]:
St(eik , ejk) = |n+(i) ∩ n+( j)||n+(i) ∪ n+( j)|
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where n+(i) denotes the set of neighbors of node i, including the node itself. For exam-
ple, the topological similarity between the two edges (a, b) and (a, d) in Figure 1(B), is
4/7, since nodes b and d share four common neighbors. The motivation behind topo-
logical similarity is that topologically similar edges are more likely to belong to the same
community.
Attribute similarity
The second edge similarity metric we employ is the attribute similarity. We construct
the attribute similarity matrix whose entries measure how similar the edges are in the
attribute space. For edge attributes with real values, we can employ traditional vector sim-
ilarity measures such as cosine similarity, correlation coefficient, and Euclidean distance.
Since the coexpression graphs are unweighted, we define the attribute similarity between
two edges as the Jaccard similarity coefficient between the edges’ occurrences:
Sa(eik , ejk) =
|gid(eik) ∩ gid(ejk)|
|gid(gik) ∪ gid(gjk)|
where gid(eik) is the set of graph identifiers in which edge eik appears. For unweighted
multi-layered graphs, the attribute similarity between two edges is essentially the ratio of
the number of graphs in which the two edges coexist to the number of graphs in which
any of the two edges appears. Edges that are distant in the graph structure can still have
attribute similarity. To avoid incorporating such attribute similarity, we only calculate the
edge attribute similarity for edges that share an endpoint, i.e., edges that have non-zero
topological similarity. For the data shown in Figure 1(B), Sa((a, b), (a, d)) = 4/6 = 0.67,
since the two edges occur together in four graphs and at least one of them appears in all
six graph layers.
Hybrid similarity
We construct the hybrid similarity matrix which combines the topological and attribute
similarity between edges. Combining similarities from various sources have been pro-
posed for clustering graphs with node attributes [17-19]. We propose a weighted combi-
nation of the topological and attribute edge similarity in a way that is similar to the hybrid
metric proposed by [18] for combining node attribute and link information.
The hybrid similarity measure is a weighted combination of the topological and
attribute edge similarity measures:
S(eik , ejk) = α × St(eik , ejk) + (1 − α) × Sa(eik , ejk)
where α is a user-specified parameter controlling the contribution of topological similar-
ity to the hybrid similarity. The hybrid similarity matrix can be written in terms of both
topological and attribute similarity matrices as follow:
S = α × St + (1 − α) × Sa
where, St represents topological similarity, and Sa represents attribute similarity. The
hybrid similarity matrix can be represented as a weighted graph whose nodes represent
the edges in the summary graph and the weight between two nodes corresponds to the
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hybrid similarity between the corresponding two edges. Two edges that appear simulta-
neously in a small number of graphs but appear separately in many graphs will have a
small attribute similarity and will be included in the hybrid similarity graph. To remove
the impact of these small hybrid similarities, we apply a threshold on the hybrid similarity
graph so that two edges are considered similar if the similarity exceeds a user-specified
threshold, β . For the example in Figure 1, the hybrid similaritymatrix (α = 0.5) is depicted
in (D) and the final hybrid similarity is shown in (F) by retaining only similarities of at
least 0.5 (β = 0.5). The final weighted hybrid graph is shown in (E) with the edge clusters.
Algorithm 1: Hybrid coexpression link similarity graph clustering
Input:
G = {G1,G2, . . . ,Gn}; Gi = (V ,Ei), ∀1 ≤ i ≤ n: Multi-layered Graph
α: hybrid metric weight
β : minimum edge hybrid similarity
Output:
M: Set of overlapping clusters
1. (GS,X) = getEdgeAttributedSummaryGraph (G)
2. St = getTopologicalSimilarityMatrix (GS)
2. Sa = getAttributeSimilarityMatrix (X)
3. S = α × St + (1 − α) × Sa
4. Gh = constructHybridGraph (S,β)
5. M = clusterHybridGraph(Gh)
8. returnM
The proposed algorithm is described in Algorithm 1. The algorithm first constructs
the summary graph and the edge attribute matrix from the multi-layered graph (line
1). Then it computes the topological and attribute similarity matrices (lines 2, 3). Next,
the two matrices are joined to construct the hybrid similarity matrix. The final hybrid
graph is built from the hybrid similarities by removing all links with similarity values less
than a threshold, β . In the final step, we run Markov clustering algorithm [15] on the
weighted hybrid graph to extract edge clusters. For each edge cluster, the vertices in the
edge-induced subgraph constitute a module. Since we cluster edges rather than nodes,
the reported modules can overlap, which is essential for understanding the structure in
biological interactions.
Datasets
The gene expression datasets used in the experiments are selected from the 65 datasets
used in [7]. We also used the same datasets in [8]. Among the 65 gene expression
datasets, 52 are Affymetrix microarray datasets, and the remaining 13 are cDNA expres-
sion datasets. There are 3397 genes that appear only in the cDNA datasets. Therefore,
to avoid creating a sparse data, we only constructed the coexpression graphs for the 52
Affymetrix microarray datasets. The correlation between the expression profiles in a gene
expression dataset is modeled as a coexpression graph in which nodes represent genes
and an unweighted edge between two genes indicates significant correlation between the
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two genes’ expression profiles. The strength of the correlation is measured by the Pear-
son’s correlation between the two genes’ expression profiles. To ensure that the observed
correlation is significant, we employ a cut-off of 0.01 on the p-value of the correlation. No
edge is added to the coexpression graph between two genes if the correlation, between
their expression profiles, is not significant (p-value > 0.01), regardless of how strong the
correlation is.
We constructed the summary graph and the edge attribute matrix for these 52 coex-
pression graphs. The number of all edges in the summary graph is very large (49,817,037).
The number of graphs in which edges occur (edge frequency) vary between 1 and 33,
with more than 38 million edges appearing in at most 2 graphs. Edges that appear in a
very small number of graphs will have low co-occurrence similarity with frequent edges
and retaining these not-so-frequent edges will lead to a large summary graph and a very
sparse edge occurrence matrix. Therefore, we prune the edges that occur in a small num-
ber of graphs. For example, if we keep the frequent edges that appear in at least 7 graphs,
we get a summary graph with with 9,784 nodes and 308,162 edges. Further increasing the
frequency threshold to 10 graphs leads to a summary graph with 4,133 nodes and 32,741
edges. We used a minimum edge frequency of 10 to generate the edge-attributed graph
throughout the experiments.
Results
In order to assess the effectiveness of the proposed algorithm on extracting biological
modules from multiple gene coexpression graphs, we performed an experimental evalu-
ation of the algorithm using multiple human gene expression datasets. Furthermore, we
analyzed some topological characteristics of the reported clusters in terms of size, den-
sity and recurrence. We have also performed enrichment analysis to assess the functional
homogeneity of the extracted modules. The algorithm for constructing the hybrid simi-
larity graph was implemented in C++ and all experiments were run on a 2.75GhzMachine
running Linux Ubuntu with 8GB Memory. We used the Markov clustering algorithm
implementation that is provided by the authors of [15].
Topological properties of edge clusters
In order to find edge clusters, we use the Markov Chain Clustering (MCL) algorithm [15]
on the weighted hybrid similarity graph. We have chosen MCL since it has been shown
to report meaningful clusters in biological networks [20]. The inflation parameter for the
MCL algorithm is kept at 2.0 throughout the experiments.
To investigate the topological characteristics of edge clusters in terms of their density
and frequency in multi-layered graphs, we analyzed the topological properties of the edge
clusters extracted by the MCL algorithm from the hybrid similarity graph. We ran exper-
iments for varying the minimum hybrid similarity thresholds, β ∈[0.0, 1], that control the
size of the hybrid similarity graph, |ES|, by retaining only highly similar edges. A cluster-
ing of the hybrid similarity graph produces a partition of the graph nodes which represent
edges of the original summary graph. Formally, a clusteringM of the hybrid graph is a set
of mutually exclusive edge sets:
M = {EC1,EC2, · · · ,EC|M|}
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where ECi is a set of nodes from the hybrid similarity graph. Recall that the nodes in
the hybrid similarity graph represent the edges of the summary graph. We only consider
clusters that have at least 4 nodes (originally edges). Choosing 4 edges in the summary
graph ensures that each module has at least 4 genes.
For an edge cluster EC, the edge-induced subgraph from the summary graph is denoted
as GS[EC]. Let V (EC) denote the set of vertices in the edge-induced summary subgraph,
i.e., V (EC) = V (GS[EC] ). The average number of vertices and edges in the edge clus-
ters are denoted as V and E, respectively. Table 1 shows the topological properties of the
reported patterns for varying hybrid similarity thresholds, β , that control the size of the
hybrid similarity graph, |ES|, i.e., the number of edges. These topological properties are
reported for α = 0.5 which allows for the topological and attribute similarity to contribute
equally to the hybrid similarity measure.
The set of edges in an edge cluster often constitute only a subset of the entire set of
edges that are present in the summary graph between the same set of vertices. An edge
whose occurrence does not significantly overlap with the occurrences of the edges in the
edge cluster will not be reported as part of the edge cluster. Moreover, edges that appear in
a small number of graphs will not be in the edge cluster as their similarities with frequent
edges can be below the β threshold. The set of edges that appear among the set of vertices
of the edge cluster are essentially the edges in the induced summary graph based on these
set of vertices, i.e., E(GS[V (EC)] ). We compute the ratio (RE) of the edges in the edge
cluster to the total number of edges present between the vertices in the summary graph
as follows:
RE(ECi) = |ECi||E(GS[V (ECi)])|
In the topological analysis, we report the average edge ratio for all edge clusters, RE.
Moreover, we compute the density of the edge-induced subgraph for each edge cluster:
ρ(ECi) = 2 ∗ |ECi|
(|V (ECi)| × (|V (ECi)| − 1))
Table 1 Topological analysis of edge clusters for varyingβ
Edge clusters 0.5-sup 0.75-sup 1.0-sup
β |ES| |M| V E RE ρ sup |M′|(%) sup |M′|(%) sup |M′|(%)
0 2273510 421 48.5 77.2 0.74 0.16 6.8 337(80) 1.9 46(11) 0.3 0(0)
0.1 1945908 470 44.3 69.1 0.74 0.16 6.9 382(81) 2 57(12) 0.3 0(0)
0.2 873741 1559 15.8 19 0.58 0.25 9.1 1546(99) 4 578(37) 1.1 11(1)
0.3 226832 1777 10.5 10.4 0.41 0.28 10.3 1777(100) 5.9 1380(78) 2.4 209(12)
0.4 55897 896 8.5 8.2 0.36 0.31 11.5 896(100) 7.8 880(98) 4.1 383(43)
0.5 15779 276 9.5 9.4 0.32 0.3 11.7 276(100) 8.9 275(100) 5.4 162(59)
0.6 3864 147 7.7 7.4 0.33 0.33 12.6 147(100) 10 147(100) 6.9 127(86)
0.7 625 25 6.2 6.8 0.45 0.45 15.1 25(100) 12 25(100) 9.1 24(96)
0.8 625 4 5.2 6.5 0.66 0.66 19 4(100) 14.2 4(100) 10.5 4(100)
0.9 20 1 4 6 1 1 23 1(100) 22 1(100) 20 1(100)
An α value of 0.5 is used and only edge clusters with at least 4 edges are retained.
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We report the average density of the edge-induced subgraphs of the reported edge clus-
ters, ρ. We can see the impact of varying the minimum similarity threshold (β) on these
structural measures. For small β threshold (0,0.1), the number of edges in the summary
graph is very large, thus resulting in dense hybrid graphs with densities of 0.26 and 0.22,
respectively. For these dense hybrid graphs, the MCL reports large edge clusters with
an average size higher than 40 nodes (V ) and around 70 edges (E). At minimum hybrid
similarity, β , threshold of 0.3, the algorithm reports medium-sized clusters with average
number of nodes equal to 10.
As we increase β and thus reduce the number of edges in the hybrid graph (also the
density), the average number of nodes and edges in the edge clusters decrease. This is
expected since as we increase β , we require edges to have significant similarities and thus
smaller number of edge pairs qualify as links in the hybrid graph. In line with this obser-
vation, we see that for small β thresholds, the edge clusters are large and contain most of
the edges in the induced summary graph: for β = 0.1, the average ratio of edges in the
edge clusters to the edges in the induced summary graph is relatively high, RE = 0.74. As
we increase β , the average ratio of edges in the edge clusters decreases since fewer edges
qualify to be in the hybrid graph.
Edge cluster recurrence
The next two topological measures we compute for the edge clusters are aimed at mea-
suring how recurrent these edge clusters are in the multiple coexpression graphs. Since
the similarity measure between edges is not transitive, all edges in an edge cluster are not
pairwise similar and thus are not expected to appear together in the same set of graphs.
The reported edge patterns are not exact frequent subgraph patterns (sets of edges), that
is, not all of the reported edges in an edge cluster will appear in several graphs. Therefore,
we measure the γ -approximate occurrence of edge clusters. An edge cluster, EC, has a γ -
approximate occurrence in a graph if at least 
γ ∗ |EC| edges of the edge cluster appear
in the graph. The γ -support of an edge cluster is the number of graphs in which the edge
cluster has γ -approximate occurrence.
γ − sup(ECi) = |{Gi | |ECi ∩ E(Gi)| ≥ γ ∗ |ECi|}|
For γ = 1, the γ -support of a set of edges is equivalent to the conventional support
employed in the frequent pattern mining literature. In Table 1, we report the average
approximate support (γ − sup) for all edge clusters, denoted as sup. Moreover, we report
the number of edge clusters that have approximate support (γ − sup) greater thanminsup
graphs (minsup = 5), i.e., have γ -approximate occurrence in at least 5 graph layers. We
also report the percentage of edge clusters with approximate support (γ − sup) greater
than 5 graphs (in parentheses). We investigated the effect of minimum hybrid edge sim-
ilarity (β) on γ -support of the reported patterns. For small β thresholds ([ 0, 0.3]), the
majority of the reported edge clusters are not truly recurrent edges as evident by the small
percentage of the reported edge clusters that appear in at least 5 graph layers (see the last
column in Table 1). As we increase β , the reported edge clusters become more recurrent.
For β ≥ 0.6, a large percentage of the edge clusters (≥ 80%) are recurrent in at least 5
graphs.
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The topological characteristics of the edge clusters for α = 0 are shown in Table 2. An α
value of 0.0 means that the hybrid similarity is entirely based on the attribute similarities
between edges that share common nodes and topological similarity between edges is not
incorporated in the hybrid similarity. We observed similar trends to the ones in Table 1
for α = 0.5. However, for α = 0 we have to use a high hybrid similarity threshold to obtain
recurrent edge clusters similar to the ones observed for α = 0.5. For example (β = 0.6),
while for α = 0.5, 86% of the reported edge clusters are frequent in at least 5 graphs, the
percentage drops to 70% for α = 0.
Impact of topological similarity (varying α)
To investigate the effect of the contribution of topological similarity on the characteris-
tics of the reported edge clusters, we fixed β to 0.4 and ran the algorithm for varying α
thresholds. Figure 2 shows the percentage of γ -approximate edge clusters that appear in
at least 5 graphs for different α thresholds. Recall that for γ = 1, all the edges of an edge
cluster must appear in a given graph to count as an occurrence. The highest percentage
of edge clusters is achieved for almost balanced contribution of topological and attribute
similarity. Figure 3 shows the percentage of the frequent edge clusters that appear in at
least N graphs. For α values of 0.6 and 0.7, higher percentages of the edge clusters are
frequent in at least N graphs.
Biological significance
To assess the biological significance of the reported edge clusters, we performed func-
tional enrichment analysis of Gene Ontology (GO) biological process terms as well as
KEGG pathways. The enrichment analysis was performed using the DAVID tool [21,22].
In the analysis, only edge clusters with at least five genes were included. If the set of
genes in an edge cluster is significantly enriched with at least one biological process GO
term, then we say that the edge cluster is enriched. We computed the percentage of
enriched edge clusters reported from several hybrid graphs for varying hybrid similarity
thresholds. We have seen in the topological analysis of the reported edge clusters that for
higher hybrid similarity thresholds, the reported edge clusters have higher recurrence. As
shown in Figure 4, the percentage of enrichedmodules is higher for large hybrid similarity
Table 2 Topological analysis of edge clusters reported for hybrid similarity graphs
Edge clusters 0.5-sup 0.75-sup 1.0-sup
β |ES| |M| V E RE ρ sup |M′|(%) sup |M′|(%) sup |M′|(%)
0 2273510 436 52.1 74.6 0.72 0.15 6.7 356(82) 1.9 49(11) 0.3 2(0)
0.1 2197627 442 51.8 73.6 0.71 0.15 6.8 360(81) 1.9 48(11) 0.3 2(0)
0.2 1678507 522 45.9 61.9 0.68 0.16 7.2 460(88) 2.2 66(13) 0.4 3(1)
0.3 892412 1160 22.4 26.3 0.66 0.23 8.9 1149(99) 3.7 382(33) 0.9 6(1)
0.4 376661 2117 10.7 10.7 0.62 0.29 10.3 2117(100) 5.7 1527(72) 2.1 156(7)
0.5 128140 1974 7.7 7.3 0.57 0.33 11 1974(100) 7.3 1897(96) 3.5 568(29)
0.6 30972 939 6.9 6.4 0.52 0.35 11.7 939(100) 8.9 939(100) 5.3 661(70)
0.7 5399 226 6.6 6.1 0.46 0.37 12.5 226(100) 10.6 226(100) 7.7 215(95)
0.8 1243 69 6.1 5.5 0.43 0.39 12.7 69(100) 11.5 69(100) 9.6 69(100)
0.9 171 7 5.4 4.6 0.43 0.4 12.4 7(100) 12.1 7(100) 11 7(100)
An α value of 0.0 is used and only clusters with at least 4 edges are analyzed.

































Figure 2 Impact of topological similarity on the percentage of approximate frequent subgraphs. The
percentage of edge clusters that have γ -occurrence in at least 5 graphs is plotted for varying α thresholds.
thresholds, thus for recurrent modules. Moreover, the same trend holds for KEGG path-
ways enrichment. The percentage of edges clusters that are enriched in KEGG pathways is
much higher for larger β thresholds. The same trend is observed for different α values that
control the contribution of the edge structural similarity. Figure 5 illustrates the percent-
age of enriched edge clusters α = 0.5. For α = 0.5 and β = 0.5, the algorithm reported
276 edge clusters, 139 of which had at least 5 genes. Some of the biological process GO
terms that were highly enriched in these 139 modules include cell cycle phase,’ ‘cell cycle
process,’ ‘cell cycle,’ ‘mitotic cell cycle,’ ‘M phase of mitotic cell cycle,’ and ‘cell prolifera-
tion.’ These results corroborate the premise of this research that integrative analysis of




































Figure 3 Frequent edge clusters vs. topological similarity contribution. The Percentage of edge clusters
that appear in at least N graphs is shown for varying α thresholds. The hybrid similarity threshold, β , was set
to 0.4.
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Figure 4 Enrichment analysis. Enrichment of functional annotations in the edge clusters for varying hybrid
similarity thresholds. The Gene Ontology (GO) biological process term and the KEGG pathway databases
were used for enrichment analysis.
Impact of edge pruning
As mentioned in the Methods section, we pruned infrequent edges that appear in less
than 10 graph layers.Whenwe decrease the edge pruning threshold,more edges qualify to
be included in the summary graph and thus increasing the density of the summary graph.
For example, for a frequency threshold of 5, the summary graph has 12,149 nodes and
1,785,621 edges (density = 0.024). When we decreased the threshold to 3, the summary
graph has a much larger number of edges (10,951,387) with 12,490 nodes (density=0.14).
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Figure 5 Enrichment analysis. Enrichment of functional annotations in the edge clusters for varying hybrid
similarity thresholds (α = 0.5).
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We have noticed that for a small edge frequency threshold (k), a large percentage of the
reported edge clusters are not frequent in at least k coexpression networks. Figure 6 shows
the effect of the edge frequency threshold on the percentage of frequent edge clusters. It
is clear that as we increase the edge frequency threshold, the percentage of frequent edge
clusters (frequent in at least 7 graphs) increases. As we shall see next, this has a direct
impact on the running time of the algorithm.
Recurrent edge clusters in random networks
To investigate how likely frequent patterns can be observed in randomly generated
graphs, we generated 52 random coexpression networks with the same number of nodes,
and edges as those observed in the actual 52 coexpression networks. We ran the proposed
algorithm on this datasets and topologically analyzed the reported patterns in terms of
recurrence. We observed that the size of the hybrid similarity graph was similar to that of
the hybrid similarity graph constructed from the actual networks. However, the average
value of the hybrid similarity was significantly less in the hybrid graph constructed from
random networks.
For reasonable β threshold values (≥ 0.3), the randomized hybrid similarity graphs
have a relatively small number of edges (hundreds) with hybrid similarities that exceed
the threshold. Moreover, these similar edges are fragmented and do not belong to well-
connected modules. We have noticed that the reported edge clusters from these small
hybrid graphs are not frequent. For example, for a frequency threshold of 5, none of the
reported edge clusters were frequent. In random networks, we can get edges that appear
simultaneously but infrequently. These edges will have high attribute similarity and will
be part of the final hybrid similarity graph. However, the edge clusters extracted from the

























Figure 6 Impact of edge pruning on the percentage of frequent edge clusters. An edge cluster is
frequent if it appears in at least 7 graphs. An α value of 0.5 and a β value 0.5 were used to generate the
hybrid graph.
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Comparison to NetsTensor
In order to get a sense of how the reported results compare with the modules reported
by other approaches, we ran the NetsTensor algorithm [5] on the same dataset. The
algorithm reports recurrent heavy modules. A set of genes is a recurrent heavy module
if the set of genes meet a minimum density (heaviness) threshold in at least a mini-
mum number of coexpression networks. For a minimum frequency threshold of 5, and
a heaviness threshold of 0.5, the algorithm reported 12,763 recurrent heavy modules.
The average size of these patterns is 5 genes and the average recurrence of these pat-
terns is 9 graphs. A similar trend was observed for heaviness thresholds of 0.4, 0.5, 0.6,
and 0.7. For a small heaviness threshold of 0.4, the average recurrence increased to
10, and for a large heaviness threshold of 0.7, the average recurrence dropped to 6
graphs. This can be due to the fact that the heaviness constraint is strict and not
many modules will have its genes showing similar expression in a significant number of
datasets.
Functional enrichment analysis of the reported modules (minimum recurrence of 5,
and heaviness equals 0.5) revealed that about 50% of these modules are enriched with
at least one biological process GO term. Moreover, 17% of the patterns are enriched
with at least one KEGG pathway. In consistence with the findings reported in [5] on a
different dataset, we observed that the reported modules of the NetsTensor approach
have higher percentage of functionally enriched modules when we mine for heavier and
more recurrent modules. It is important to note that the NetsTensor approach works on
weighted and unweighted coexpression networks, and is able to extract more biologically-
relevant patterns from weighted networks. However, since the focus of this work is on
unweighted networks, we ran the NetsTensor approach on unweighted coexpression
networks.
Our approach finds recurrent coexpression link modules regardless of the density of
these modules. In the NetsTensor approach, the minimum recurrence and heaviness are
two parameters that control the running time and the number of the reported patterns
depend on these parameters. For recurrence and heaviness thresholds of 5 and 0.5, the
algorithm tookmore than 19 hours.When we decreased the edge pruning threshold from
10 to 7 and ran the NetsTensor algorithm on the dataset of 9,784 genes, the algorithm
did not finish in fifteen days. The authors of the NetsTensor algorithm reported that the
algorithm took 200 hours (more than eight days) to finish on a dataset of 131 microarray
datasets [5].
Complexity and running time
There are two main tasks in the proposed algorithm: constructing the hybrid graph and
clustering. The summary graph GS(V ,ES) has |V | nodes and |ES| edges. The number
of nodes in the topological similarity graph is |ES|. Since the edge attributed similar-
ity is only calculated for edge pairs that are topologically similar, the hybrid graph has
the same number of nodes and edges as the topological similarity graph. In the worst
case, the summary graph will be a complete graph and thus the number of edges, |ES|,
equals to |V | ∗ (|V | − 1)/2 which is O(|V |2). Calculating the topological similarity matrix
takes O(|ES|2|V |) (there are |ES|2 edge pairs) and calculating the attribute similarity
takesO(|ES|2). Thus, constructing the hybrid similarity matrix takesO(|ES|2|V |) which is
O(|V |5).
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The worst case running time for the MCL algorithm is O(|ES| ∗ K2) for sparse graph,
where K is a parameter that controls the maximum nonzero entries per stochastic
column [15]. Therefore, the computational complexity of the proposed algorithm is
O(|ES|2|V |) which is O(|V |5).
The running time of the algorithm depends on the size of the summary graph which is
controlled by how much edge pruning we and the size of the hybrid graph that is mainly
controlled by β . For the datasets, we have an edge frequency threshold of 10, the summary
graph has 4,133 genes and 32,741 links. For β = 0 (all hybrid similarities are retained),
the hybrid graph has 2,273,510 edges, and the running time is about 1,218 seconds. For
β = 0.5, the hybrid graph has only 15,779 edges, and the algorithm took 89 seconds.
For both cases, the algorithm took 84 seconds to construct the hybrid graph, and the
remaining time for clustering phase. We also observed that when topological similarity
is considered in calculating the hybrid similarity (i.e., increase α), the hybrid graph gets
smaller and thus the running time of the algorithm improves.
As we discussed earlier, pruning infrequent edges has an impact on the size of summary
graph and thus the size of the final hybrid graph (depending on β) and the running time
of the algorithm. As we decreased the edge pruning threshold from 10 to 7, the summary
graph is much larger; 9,784 genes and 308,162 links. For an β = 0, the algorithm took
21,360 seconds (six hours) to finish. By retaining edge similarities of at least 0.2 and 0.3,
the algorithm took 628 and 95 seconds, respectively.
Conclusion
We have proposed an algorithm for biological module mining from coexpression net-
works representing multiple gene expression datasets. This algorithm leverages the
similarity of the occurrence of coexpression links to build a weighted hybrid similarity
graph whose nodes represent the coexpression links and edges in the hybrid graphs cap-
ture how similar two links are in terms of their occurrence in the multiple graphs and
their position in the graph structure. Biological modules are then discovered from the
hybrid similarity network using graph clustering. Since we cluster edges, the proposed
approach is able to discover overlapping modules. This enables the discovery of recurrent
interaction patterns that are present in multiple coexpression networks.
Experimental results on 52 Human gene expression datasets show that proposed
approach discovers biologically significant patterns. Functional enrichment analysis show
that the reported modules are highly enriched with biological process GO terms and
KEGG pathways. We have observed that the more recurrent the edge clusters are, the
more functionally homogeneous they are. The occurrence of a set of coexpression links
in multiple coexpression graphs corroborates their biological significance. Moreover, the
presence of coexpression links in multiple datasets alleviates the problems associated
with biological inference based on a single gene expression data. Our results indicate
that integrative analysis of multiple gene expression data is essential and promising. This
algorithm is applicable to any domain with multiple networks on the same set of nodes.
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